Purpose: Coarctation of the aorta (CoA) is a congenital heart disease characterized by an abnormal narrowing of the proximal descending aorta. Severity of this pathology is quantified by the blood pressure drop (△P) across the stenotic coarctation lesion. In order to evaluate the physiological significance of the preoperative coarctation and to assess the postoperative results, the hemodynamic analysis is routinely performed by measuring the △P across the coarctation site via invasive cardiac catheterization. The focus of this work is to present an alternative, noninvasive measurement of blood pressure drop △P through the introduction of a fast, image-based workflow for personalized computational modeling of the CoA hemodynamics. Methods: The authors propose an end-to-end system comprised of shape and computational models, their personalization setup using MR imaging, and a fast, noninvasive method based on computational fluid dynamics (CFD) to estimate the pre-and postoperative hemodynamics for coarctation patients. A virtual treatment method is investigated to assess the predictive power of our approach. Results: Automatic thoracic aorta segmentation was applied on a population of 212 3D MR volumes, with mean symmetric point-to-mesh error of 3.00 ± 1.58 mm and average computation time of 8 s. Through quantitative evaluation of 6 CoA patients, good agreement between computed blood pressure drop and catheter measurements is shown: average differences are 2.38 ± 0.82 mm Hg (pre-), 1.10 ± 0.63 mm Hg (postoperative), and 4.99 ± 3.00 mm Hg (virtual stenting), respectively. Conclusions: The complete workflow is realized in a fast, mostly-automated system that is integrable in the clinical setting. To the best of our knowledge, this is the first time that three different settings (preoperative-severity assessment, poststenting-follow-up, and virtual stentingtreatment outcome prediction) of CoA are investigated on multiple subjects. We believe that
INTRODUCTION
Coarctation of the aorta (CoA) is a congenital defect characterized by a severe narrowing of the aorta, usually distal to the aortic arch. CoA accounts for 5%-8% of the 8 of 1000 congenital heart disease (that is 4-6 of 10 000) live births [1] [2] [3] in the USA and an incidence of 3.6% (3.9 of 10 000) in Germany. 4 CoA is the fifth or sixth most common lesion in congenital heart disease (CHD) 5, 6 that still results in lower than average life expectancy for patients. 7, 8 The effect of CoA is a stenosis distal to the aortic arch, resulting in pathophysiological processes that restrict the circulation of oxigenated blood through the narrowing. This necessitates increased cardiac output and may lead to left ventricular (LV) hypertrophy. Generally, CoA results in persistent upper body hypertension and lower body hypotension. Treatment options include various surgical repairs, and after the neonatal period, stent implantation and balloon angioplasty. [9] [10] [11] [12] [13] [14] Preoperative evaluation of CoA severity relies predominately on noninvasive arm/leg blood pressure drops or, if anatomy does not make that comparison feasible, estimation by Doppler ultrasonography. Alternatively, CoA is characterized 8 by greater than 50% narrowing of the aorta as compared to the diaphragmatic aorta diameter. Nevertheless, the clinical gold-standard is obtained by invasive cardiac catheterization to measure △P across the coarctation site. Systolic blood pressure drop between the ascending aorta (AAo) and descending aorta (DAo) above 20 mm Hg characterizes severe CoA and serves as an indicator for treatment. 8 Recently, Doppler ultrasound 15 and phase contrast (PC) MRI based methods [16] [17] [18] have been proposed for a noninvasive estimation of △P by using simplified relationships (e.g., modified Bernoulli equation) between flow and pressure. However, these methods were shown to be inaccurate, [19] [20] [21] [22] as the Bernoulli equation uses a limited amount of information (peak velocities), whereas computational fluid dynamics based techniques take into account the patient-specific stenosis shape as well as the velocity profile and are thus able to better predict the turbulent and the viscous pressure drops.
Thus, there is a growing need for comprehensive and truthful hemodynamics analysis of CoA for diagnosis, intervention planning, outcome prediction, and assessment of lesion progression. Our work is directed at these goals. Additionally, as the CoA population includes young patients, less invasive and less expensive (reducing fluoroscopy and catheterization) methods are sought after for △P estimation. For these reasons, the attention of clinical researchers turned to computational fluid dynamics (CFD) methods for more faithful characterization of blood flow in the aorta.
In the interest of easing translation of personalized CoA models into wider clinical practice, we set out to meet certain expectations. On this course, we have broadly extended our previous works [23] [24] [25] with stent segmentation, post-and virtual stenting (VS) hemodynamic models. Thus, our contribution provides:
• a fast, end-to-end workflow for noninvasive image-based hemodynamic CoA assessment, • including robust lumen/stent segmentation,
• that is suitable to make the (i) preoperative diagnosis, (ii) predict treatment outcomes through "virtual stenting" and to (iii) follow-up stented CoA.
BACKGROUND
The field of image-based personalized computational hemodynamics was pioneered in 1999 by Taylor et al. 26 Since then, the approach was adapted to various organs, from vessels of lower extremities through cardiac hemodynamics 27, 28 to cerebral aneurysms. 29, 30 The first step in an image-based simulation is the definition of the computational domain. For CoA investigation, this is the lumen of the thoracic arterial tree. Ongoing imaging research has been directed at segmenting the thoracic aorta from 3D images. Various marching-based approaches were introduced for MRI, 31, 32 and machine learning based automatic aorta detection 33 was successfully combined with shape models and applied in intraoperative guidance, based on rotational C-arm CT volumes.
All three of these segmentation approaches consider the aorta only. For our investigation, the supra-aortic arteries are of great importance, as the blood flow that leaves the aortic arch through these vessels (approximately 35%) should be considered in the hemodynamic simulation. 34 On high resolution 3D CT angiograms, the feasibility of accurate carotid artery segmentation was extensively demonstrated. 35 Segmentation of the aorta, including the supra-aortic arteries from MRI, was initially presented in our previous work. 24, 25 Multiple groups investigated CoA hemodynamics through computational modeling. Recent studies have suggested that good agreement may be reached between measured and simulated hemodynamic and morphologic indices if subjectspecific boundary conditions are employed. 34, 36 Kim et al. 37 developed a personalization scheme with stateof-the-art boundary conditions, coupling the aorta with a lumped parameter description of the left side of the heart. Coogan et al. 38 extended the model with elastic vessel wall properties in order to simulate effects of change in distensibility and stiffness in virtual CoA repair. LaDisa et al. 39 employed a similarly sophisticated simulation procedure and concluded that stent implantation does not notably increase the LV workload. Even though these methods ensure high fidelity, imaging data were specifically acquired for the studies, and the long computational times (3-10 days on a 96 core super computer) hinder widespread clinical application.
Recently, a larger study of 13 CoA patients was published. 40 The authors combined MR and x-ray angiograms to define the aorta lumen boundaries. Simulation of preoperative blood pressure drop showed remarkable correlation. Furthermore, treatment outcome prediction was performed by relying on poststenting fluoroscopy measurement for the restored aorta diameter.
Besides the above full 3D CFD simulations, there is an increasing interest in utilizing reduced order circulation models. 41 These approaches are known for their computational efficiency and have been applied successfully to various problems. 42, 43 
METHODS
The proposed clinical workflow is introduced in this section. Figure 1 provides a graphical overview of the computational steps. The section is organized as follows. The clinical protocol is documented in Sec. 3.A. Estimation of aortic and supra-aortic lumen is explained in Sec. 3.B. Next, Sec. 3.C discusses the extraction of the aortic lumen cross sections from 2D + t PC-MR, and the aortic in-and outflow waveform computations. Finally, the hemodynamics computational model and its image-based personalization is introduced (Sec. 3.E) for three CoA use-cases: preoperative (Sec. 3.E.1), poststenting (Sec. 3.E.2) and "virtual stenting" (Sec. 3.E.3).
3.A. Clinical protocol
The standard CoA protocol at our clinical partners includes the following: acquisition of MR images of the thorax and aortic flow, measurement of the blood pressure with catheterization, heart rate, and cuff measurement at the upper extremities.
MR patient data were acquired using a heterogeneous set of protocols and vendors (Siemens, Philips, GE), employing 1.5 T scanners. The 3D MR volumes are usually oblique stacks of dimension 256 × 256 to 512 × 640 with 56-140 slices, in-plane resolution isotropic 0.605-1.562 mm, slice thickness of 0.889-1.8 mm. Among the 3D volumes were contrast enhanced-MR angiogram (CE-MRA) and Balanced Turbo Field Echo (BTFE) acquisition protocols. Patients were at resting conditions during imaging, and the 3D volumes only consisted of a single, static time frame.
The ECG gated Cine PC-MR images are typically oblique axial time-series encoding through-plane velocities in the isotropic resolution of 0.742-2.083 mm, dimension 126×144 to 384 × 512, VENC found in the range of 140 − 300 cm/s (it has been ensured that velocity magnitude wrap-around was not present in the PC-MR data). The slices are routinely positioned to provide two different aorta cross-sections, one somewhere around the aortic root, the other in the DAo (if there is a stent implant, in the direction of the blood flow below the stent location) as illustrated in Fig. 2(a) . Each time-series corresponds to one heart cycle and has n = 20 − 40 frames per cycle. The heart rates of the examined patients range from H R = 60 − 114 bpm.
The pressure catheterization was performed in a pullback procedure. The P sy and P di cuff measurements were taken at the arms.
3.B. Estimation of personalized aortic vessel tree
An accurate geometrical representation of the lumen boundaries of the aorta and supra-aortic arteries is essential for subsequent simulations. The goal of lumen estimation is to automate the vessel morphology measurement process, with manual intervention reduced to a mostly supervisional manner. We have previously developed 24, 25 a fast, machine learning based method to automatically extract the aortic lumen from 3D MR volumes. Here, we will explain this segmentation algorithm in more detail and introduce its extension for poststenting cases.
3.B.1. Model of aortic vessel tree
We model the following anatomic parts [ Fig. 2 (i.e., similarity transform) and (ii) lumen surface as a dense point distribution.
The pose of the anatomic object part o is denoted by θ o = [t,r,s], where the 9-vector t, r, s ∈ R 3 are the position, orientation and size of the object in the 3D image volume I and o ∈ {Ro,Ar,Br,Lc,Ls}. We may write the complete pose parameter estimation as an optimization problem:
where θ * represents the optimal pose parameters of the parts given MR volume I.
3.B.2. Database guided model estimation
Unfortunately, the joint estimation problem in Eq. (1) does not have an analytic solution in general. We address this by decomposing the argument to be estimated sequentially.
By analyzing the database of our annotated volumes, we have observed that the aortic root and arch appear to be the most distinctive objects to be detected. However, their relative pose with respect to each other is strongly scattered due to disparate AAo morphology of patients. With differences in MRI field-of-view, their position in I is also variable. Thus, search for {Ro,Ar} is performed independently in the whole image I. On the other hand, during the review of the annotated vessels, we have noted that the supra-aortic arteries are almost always branching off the same arch region and it makes sense to represent the prior knowledge of this anatomic dependency as spatial constraints in our model. The same principle is true for the stented CoA region that is located at the aortic isthmus with its pose in low variance relative to θ Ar . This allows for a sequential decomposition, thus we may rewrite the argument of Eq. (1):
Anatomic dependencies between the parts allow us to reduce the search-space and focus only on the most probable locations/poses during search, formalized in
for parts o i ∈ {Br,Lc,Ls,St}. In other words, we include a pairwise prediction weight f (θ o i |θ Ar ) describing the likelihood of pose of o i given the known pose of the aortic arch. The vessel part estimation is expressed as the inference of the pose parameters from the MR volumes. To estimate the posterior distributions, we propose to use discriminative classifiers. P(θ|I) = f (+1|θ,I) is the posterior probability of object presence at θ in a given image I, where f is the learned detector model (fitted using Probabilistic Boosting Tree 44 and 3D Haar features). The pair-wise spatial anatomic constraints [ f (θ i |θ j ), the priors] are modeled as Gaussian distributions, which are aggregated over the available training data. We formulate the above pose estimation task in the multiobject detection Integrated Detection Network (IDN) 45 framework. On unseen images, the learned model is applied in a sliding window manner to detect the anatomic parts. In the hierarchical scheme from Eq. (3), we first estimate the pose of Ro and Ar (performed on the whole MR volume). Subsequently, based on θ Ar and the learned anatomic constraints, the search spaces for the rest of the parts are predicted around the most likely locations. In the proximity of these candidate locations, a localized search follows for {Br,Lc,Ls,St}.
3.B.3. Lumen surface estimation
The second phase of the segmentation procedure estimates the lumen boundaries as tessellated surfaces (dense point distributions). This relies on the bounding boxes (θ o ) of the anatomic "skeleton" computed in the previous step, to initialize shape models and apply learning based boundary detectors 33, 45, 46 to refine them toward the true lumen boundaries.
The walls of the ascending and descending aorta are treated separately. Their pathological morphology and large length variability do not allow for compact statistical representation. The surfaces of the AAo, DAo are assembled from individual circles, tracked on axial slices of the volume, to connect the root with the arch (for AAo) and descend from the arch to the diaphragm level (for DAo). Circles are initialized from the previous slice, and contours are refined by in-plane radial boundary detectors, similar to the ones applied in the shape models. 33 The final lumen model is obtained by merging the separately estimated surfaces. From the lumen surface meshes, four connected centerlines are computed, one for the aorta and three for the supra-aortic arteries.
The explicit modeling of the stented isthmus was necessitated by the fact that poststenting 3D MR volumes have a signal drop-out inside the metallic stent, which "hides" the normal appearance of the aortic lumen, even when contrast agent is present [ Fig. 2(a) ]. To address this, postoperative volumes are detected by checking the histogram of the volume along the centerline of the segmented aortic isthmus. Nearzero intensity regions signify the loss of the MR signal, in which case the θ St detector is applied. The stent is estimated as a linearly tapering tubular surface connecting the transverse arch and the lower descending aorta.
All MR studies were performed with the patient in supine position, which allowed the oblique volumes to be resampled to a stack of axial slices and reduce variance in the aorta appearance before segmentation. The anisotropic volumes were subsampled on a 3-1 mm Gaussian pyramid of uniform grids. The similarity transform of the vessel parts are detected on 3 mm images, while the lumen boundary detector is run on the finer 1 mm volume.
3.C. Estimation of the patient-specific blood flow from PC-MRI
To quantify each subject's measured aortic blood flow conditions, a velocity encoded 2D + t PC-MRI cine image slice is used. These sequences contain through-plane blood flow measurements in an oblique arrangement, intersecting the aorta twice: at the root of ascending aorta and in the region of the descending aorta distal from the CoA. As both MRI images are acquired with the assumption that the patient does not move in the scanner in between, MRI machine coordinates allow for a coarse registration of the MR anatomy and the PC-MR plane. Thus, given the centerline of the aorta calculated from the previous segmentation, delineation of aortic flow boundaries on the PC-MR image plane is initialized using the lumen contour from the 3D surface mesh (Sec. 3.B) and refined by graph cuts. 47 The single time-point segmentation is then tracked throughout the cardiac cycle, propagating the contour based on deformable registration 48 of the n time frames in the cine series. In the patches inside each contour, sampling of the PC-MR image is performed at the pixel centers to obtain velocity values over the entire cardiac cycle. These velocity fields are integrated over the area of the patches to derive the measured ascending-and descending aortic blood flow rates (q asc and q desc ).
3.D. Axisymmetric arterial tree construction
Along the centerlines, the lumen surfaces are partitioned into 9 segments (Fig. 3) . For each linear tapering tube segment, the length l and proximal r in and distal r out radii are computed: S i = {l,r in ,r out }, i ∈ {0,...,8} from the 3D lumen surfaces. The 3D mesh is cut with planes perpendicular to the centerlines at the ends of the 9 segments to yield vessel cross-section contours. The radii of the respective segment ends are calculated from the perimeter of these contours. The length of the segments is measured between the cutting planes along the vessel centerlines. Thus the 1D mesh approximates the 3D lumen surface with exact cross-sectional areas at the segment ends, and the lengths of the segments are also preserved. S 7 is either the CoA narrowing or the stent. The start and end cross-sections of the coarctation were taken as the locations where the radius decreases under 95% of the aorta diameter downstream the left-subclavian trunk, and, respectively, increases above 95% of the reference value for the diaphragmatic aorta.
3.E. Axisymmetric quasi 1D CFD FSI
For pressure-drop computations in clinical settings, the total execution time of the algorithm is of paramount F. 3. Arterial tree with discrete axisymmetric segments and terminal boundary conditions. importance. Thus, we have chosen a reduced-order, quasi 1D circulation model for the aorta. 
where r 0 is the initial radius corresponding to diastolic pressure p 0 . Terminal windkessel elements are applied at the outlets to close the system of equations
please refer to the Appendix for a complete listing of notations.
To build the discretized geometric mesh from the centerline and cross-sectional areas, we use an approach similar to previously introduced ones 43 , wherein for each vessel of the arterial model, we use several distinct 1D segments S i with longitudinally varying cross-sectional area values in order to obtain an axisymmetric geometry representation (see Sec. 3.D) of the 3D geometry acquired through MRI. Boundary conditions at the ascending aortic inlet are dictated by the time-varying flow rate q asc computed from PC-MRI (Sec. 3.C).
We use a finite difference solver with patient-specific fixed time step and explicit stability constraints. 23 In all of our computations, we apply a Newtonian rheological model, where the blood density and dynamic viscosity are set to literature-based values for healthy individuals. The following sections describe the estimation of the wall properties and the windkessel parameters at the outlets.
3.E.1. Preoperative model personalization and configuration
Physiologically motivated three-element windkessel boundary conditions 49, 50 require estimation of three parameters (two resistances: proximal -R p , and distal -R d , and one compliance -C) at each outlet from measured patient data. The mean arterial pressure (P A ) is linked to the total vascular resistance by the following relationship: P A = Q · R. Here, P A is defined as the average blood pressure over the cardiac cycle, being responsible for perfusion, while Q is the average flow at a point in the arterial circulation, and R is the total distal arterial resistance. Within the aorta, the following formula applies at each supra-aortic branch: P A = Q i · (R t ) i , where Q i is the average flow through outlet i and (R t ) i is the total resistance (the sum of the two windkessel resistances:
The noninvasive measurements are used to estimate P A in the ascending aorta:
where H R is the heart rate and P sy (P di ) are the systolic (diastolic) cuff-based blood pressures. 51 The combined flow of the supra-aortic outlet vessels is the difference of the MR measured averaged aortic in-and outflow: Q supra-aortic = Q asc − Q desc . We use the square law of Zamir et al. 52 which establishes a relationship between the radius of major branches of the aorta (supra-aortic branch i) and the flow these branches carry (Q i ):
As there is only a negligible pressure difference between the ascending aorta and the supra-aortic arteries, the same average arterial pressure is used to compute the resistance of each supra-aortic branch
For coarctation patients, the above assumption does not hold for the descending aorta because the narrowing introduces a pressure drop, which is expressed as a flow-dependent resistance R c (q). Accordingly, the total resistance of the descending aorta is computed from
One of the assumptions made during the derivation of the reduced-order model is that the axial velocity is dominant and the radial components are negligible. This assumption holds well for normal, healthy vessels, but in case of sudden changes in lumen diameter, e.g., for a narrowing like the coarctation, the radial components can no longer be excluded. Thus, for the coarctation segment we use the previously introduced comprehensive pressure drop model:
where the four terms represent: the viscous energy losses, the turbulent energy losses due to sudden expansion, the inertial effects and a continuous pressure-flow component.
DiAo is the viscosity coefficient and 
where △P(•) is computed through Eq. (11). Next, a total compliance value of the systemic circulation is determined 49 (C tot ). The sum of the outlet compliances (C out ) is then computed by subtracting the sum of the compliances of the proximal vessels (C prox ) from the total compliance. (C out ) is then distributed based on a quadratic power law to the outlets. Afterward, the mechanical properties of the compliant vessel walls are estimated using a method based on wave speed estimation. 41 The aortic wall properties are determined from the wave speed c as follows:
where c = △x/△t is computed using the transit-time method 53 : △x represents the distance between the inlet plane at the aortic root and the outlet plane at the descending aorta, and △t is the interval of time during which the flow waveform travels between the two planes. Next, the quantity E · h i /r 0 of all aortic segments, in Eq. (13), is computed as:
Since the time-varying flow rate (and thus pulse transit information) at the individual supra-aortic branches is not known, a different method is applied for these vessels. The estimation of their wall properties is based on the supposition that arterial bifurcations lead to minimal reflections of forward propagating waves. 54 Hence, first the reflection coefficient at bifurcation k is computed using:
where Y p and Y d represent the characteristic admittance (inverse of the characteristic resistance) of the parent and daughter vessels, respectively. Next, the characteristic resistance of the daughter vessel which is a supra-aortic branch is determined by setting Γ equal to 0:
Finally, the wall properties (E · h i /r 0 ) for the supra-aortic branch i are determined as:
3.E.2. Postoperative model personalization and configuration
In the postoperative configuration, since the same type of information is available as for the preoperative configuration, the model personalization is performed similarly. None of the postoperative models had residual coarctations. As a result: (i) The stented coarctation segments are modeled as regular 1D segments, with large stiffness (the wave speed is approx. 15-times higher than the wave speed of a regular healthy aortic segment). Since the wave speed of the stent is fixed and the length is known, the transit time along the stented segment can be computed directly [the stented segment is excluded from the computation of wave speed in Eq. (13)], (ii) R c (q) is considered negligible and the total resistance of the windkessel model applied at the outlet of the descending aorta is computed directly from Eq. (10).
3.E.3. Virtual stenting configuration
A third configuration considered in this study consists of performing a virtual stenting procedure on the preoperative aortic model. For prediction of blood pressure drop change after stent implantation, the preoperative geometry is altered, by replacing the stenosed segment (S 7 ) of the arterial tree with a segment of the same length that is interpolating the crosssection information between the diameters of segments S 6 and S 8 . This is meant to model the implantation of a straight stent into the isthmus. The inflow rate is identical to the one used in the preoperative configuration and the model personalization from the postoperative configuration is reused.
EXPERIMENTS AND RESULTS
To validate our CoA assessment workflow, we have evaluated our models on in-vivo patient data. Clinical data were retrospectively collected from cardiac institutes around the world: (i) the FDA approved multicenter Coarctation of Aorta Stent Trial (COAST) 3 and (ii) Ospedale Pediatrico Bambino Gesù (OPBG). We have conducted two experiments, one to quantify the accuracy of 3D lumen segmentation and a second one to characterize the blood pressure drop estimation.
4.A. Segmentation experiments
In this section, we evaluate the proposed method for aorta segmentation on 212 volumes of 99 patients. In each volume, the lumen surface of the aorta and main branches were delineated by an expert operator and converted to a triangular mesh. This annotation was considered as Ground Truth during model training and testing. The accuracy of cross-validated lumen boundary segmentation is detailed in Table I .
4.B. Experiments on CoA blood pressure drop estimation
For the demonstration of the proposed workflow for noninvasive blood pressure drop assessment, we investigated data-sets from 6 CoA patients. From the above mentioned 99 patients, we extracted 9 subjects, for whom the database contained both preoperative and poststenting state. Three of these subjects developed collateral circulation around the coarctation and were excluded from the experiment, leaving 5 patients from COAST and 1 patient from OPBG (Table II) Using the pipeline introduced in Sec. 3, the patient-specific geometric arterial tree model and corresponding time-resolved flow profiles were estimated from the MR images. To make sure that segmentation errors do not influence the simulation outcomes, the vessel tree geometry was reviewed by a manual operator in all cases before simulation.
Given the patient-specific anatomy, measured flow rates at the AAo and DAo, the flow transit time, systolic and diastolic cuff pressures, and heart rate, we performed a noninvasive parameter estimation of the boundary conditions for each patient. Afterward, the simulation (Sec. 3.E) was performed without any further tuning of the parameters. The blood pressure drop estimate across TAA − DAo is reported between the end of segment S 2 and the start of S 8 , whereas the clinically more relevant AAo − DAo is measured between the end of S 0 and the start of segment S 8 of the axisymmetric arterial tree. Differences in pressure drop are determined at the time-instant when the flow rate through the descending aorta is maximal (peak-to-peak).
The results obtained for noninvasive pressure drop (CFD) in preoperative CoA are summarized in Table III , together with the invasive pressures obtained from cardiac catheterization (ICATH).
During treatment of the 6 subjects, the stenoses received repair through balloon angioplasty and stent implantation. After the intervention, patients underwent a follow-up examination similar to the first exam. Analogous to the preoperative case, we have performed the processing pipeline (Sec. 3.E.2) to estimate the poststenting hemodynamic conditions. The comparison of measured and estimated blood pressure drop results is displayed in Table IV .
The last clinical use-case is aimed at "predicting" the blood pressure drop of poststenting conditions prior to the treatment. By applying the introduced methodology (Sec. 3.E.3) to preoperative data, clinicians would be able to virtually evaluate the outcome of the stenting in terms of aortic blood pressure drop (Table V) . Figures 4(a) and 4(b) show the blood pressure drop results for all three configurations graphically, while pre-and postoperative evolution of computed aortic flow is shown in Fig. 5 .
DISCUSSION

5.A. Lumen segmentation
Firstly, we studied the static 3D lumen surface extraction accuracy on a wide set of volumes. Note that our 3D lumen segmentation method is capable of processing a wide range of morphological and pathological aorta variations, not only coarctation patients. The accuracy of the fused aortic vessel tree segmentation was evaluated by using the symmetric pointto-mesh distance 56 metric (Table I) in four-fold cross validation setup of the 212 cases, which shows a good agreement of segmentation results. The aorta segmentation accuracy has much improved compared to our previous results 25 the explicit modeling of the stent induced signal drop-off in postoperative volumes. Due to the morphologic variation of the supra-aortic arteries,their lumen segmentation accuracy is below that of the aorta. It was generally observable that the MR images exhibit some loss of signal toward the borders of the volume (e.g., toward the neck of the patient), which resulted in reduced contrast around the supra-aortic arteries. This is a possible explanation for the difference in accuracy.
5.B. Hemodynamic computations
As can be seen from the results [ Table III , Fig. 4(a) ], the proposed method performs well for most of the preoperative cases. For patients #1, #3, #4, #5, and #9, our simulation (△P pre CFD ) reproduces the catheterization blood pressure drop (△P pre ICATH ) within a narrow margin: mean absolute error of |△P pre | = 2.38±0.82 mm Hg. During the review of our results for preoperative case #6, we observed an incorrect PC-MR acquisition plane (intersecting the aortic valve and left ventricular outflow tract instead of the AAo) that results in an erroneous inflow boundary condition initialization (see lower left panel of Fig. 5 ) and drives the simulation off the course of real aortic inflow. We have included this case in the results for symmetry with the other experiments, and to demonstrate the behavior of the method when fed inconsistent data. Our results are comparable to ICATH, especially in the light of the allowed uncertainty involved in ICATH measurements.
According to the IEC standard, 57 invasive blood pressure catheters are required to be accurate within ±3% of the absolute value of blood pressure. Looking at the patient data, we may observe that a variety of both mild (△P ICATH = 8) and severe (△P ICATH = 55) CoA patients are included and that our method is able to accurately recover the blood pressure drop independent of graveness of this condition [ Fig. 4(b) ].
The goal of stent implantation is to reduce the difference in blood pressure between the upper and lower body, optimally to completely eliminate the pressure drop. Thus, it is reasonable to expect close-to-zero △P values in the poststenting subjects. However, in some cases residual blood pressure drop persists. Our simulation model for poststenting (Table IV) was able to compute very truthful estimates, marked by |△P post | = 1.10 ± 0.63 mm Hg. As shown on the lower right panel of Fig. 5 , the PC-MR inflow for poststenting patient #9 does not resemble the characteristic ejection curve of the heart. In this case-similar to pre-op patient #6-the MR inflow plane was acquired too low, it does not measure the ascending blood velocity at the aortic root, but includes the leaflet motion of the valve. Nevertheless, the △P estimates even for #9 are quite accurate because most of the PC-MR inflow was still captured correctly. We believe that our stiff stent-wall postoperative model configuration produces results consistent with the effects of stenting.
To predict the intervention outcome in terms of residual blood pressure drop, we proposed "virtual stenting" (Sec. 4.B). Here, our model was parameterized to "predict" the pressure drop change attributed to the removal of the obstruction lesion. In Fig. 5 , virtual-stenting flow is not shown because a high degree of match between preoperative measured flow and poststenting simulated flow is not our principal aim for this configuration. Instead, this use-case is better characterized by the AAo-DAo pressure drop comparison. The estimated △P is tabulated in Table V and shows a reasonable (4.99 ± 3.00 mm Hg) agreement with the invasively measured poststenting catheter values. It is a well observed process that remodeling of the poststenting aorta is not limited to the vessel wall reinforced by the stent struts: nearby aortic lumen morphology often changes as well, and collateral arteries might reduce or disappear. Without modeling these changes, the mere replacement of the stenosis segment S 7 of the arterial tree will not perfectly forecast the real poststenting vessel and pressure drop, as seen on Fig. 4(b) .
Accurate morphological measurement of the stenosis and inflow-rate were shown 58 to have the strongest influence on △P in image-based hemodynamic simulations. As our measured data indicate (Table II) , aortic flow rates do change after stenting. This creates an additional challenge for the VS analysis, as only preoperative flow is available for outcome prediction. We believe that this is the second factor behind the largest average error obtained in the VS experiment.
Within these analyses, we have considered all important phases of CoA stenting where currently invasive catheterization is required (severity assessment and posttreatment follow-up) or data are not available (virtual stenting). Our noninvasive results are clinically relevant, especially in comparison with the 20 mm Hg clinical cut-off value, and agree with invasive measurements.
Besides accuracy, the aspect of fast computations is highly desirable in the general clinical practice, and our work F. 5. Temporal evolution of measured (dashed lines) and computed (solid lines) pre-and poststenting flow rates. Table VI shows a quantitative review of state-ofthe-art investigations of CoA hemodynamics and illustrates the position of our contributions against literature. The table provides an overview of the questions recent research has addressed, such as the type of clinical use-cases, number of subjects examined, included methods and their run-times. We should note that the subjects are different, and therefore a direct comparison of pressure drop results is not feasible across the different works. Closest to our work is the recent study 40 of 13 patients. The authors performed image-based rigid wall 3D simulations of CoA patients. Their investigation included two CoA use-cases, one for pretreatment estimation of blood pressure drop (very similar to our first experiment), and a second experiment that falls in between our poststenting and virtual stenting use-cases. In the latter, the authors have reconstructed the postoperative aorta geometry from x-ray images after the treatment and used the preoperative PC-MR inflow. As this configuration uses preoperative inflow and postintervention geometry, we compare it against our third experiment. Even though their average error of pressure estimation is lower than ours, several aspects limit the benefits of their workflow: first, the simulation time is an order of magnitude larger than ours, second, the blood flow is simulated only at a single time point (systolic state), and third, their high quality vessel measurements require ionizing fluoroscopy.
In general, most hemodynamic simulation studies investigate cases where the whole patient data acquisition is driven by specific computational needs. On the other hand, our methods work on real clinical images that were acquired retrospectively and not specifically for this computation study. As shown, this comes with its own challenges, for example, the sensitivity of positioning the PC-MR plane or suboptimal image quality. However, a solid advantage is that further validation of our methods would be possible using existing (previously acquired) data.
5.C. Limitations and future works
We have shown that the presented models can be used to assess the blood pressure conditions of CoA. Yet, our method opens several technical and clinical questions.
Our predefined anatomic part and shape model based segmentation method applies only to cases that exhibit shape variation, but do not change in topology. CoA often coincides with other aortic arch morbidities, thus segmentation of pathological vessel configurations (e.g., other than three supra-aortic arteries, loop of aorta, collateral circulation) would be beneficial to be included in the system. Currently, we do not handle such cases automatically.
Secondly, a single plane of velocity encoded cine PC-MR image might not be able to capture the flow of intercostal arteries and collateral vessels. If such arteries are present and bypass the coarctation site, multiple PC-MR planes might be required to capture their flow and the clinical imaging protocol would have to be extended.
Moreover, it would be interesting to quantify the sensitivity of the hemodynamic simulation results as a function of the accuracy of the segmented aorta and coarctation lumen surfaces, similar to Ref. 58 .
Future work should be aimed at addressing these points.
CONCLUSION
To summarize, our main contribution to the field is an endto-end pipeline for image-based hemodynamic assessment of blood pressure drop in coarctation of the aorta. The system was shown to compare well against invasive blood pressure catheterization. The complete workflow is realized in a fast, automated system that can be integrated into a clinical setting, where manual interaction is required in a mostly supervisional manner.
A set of validation experiments (212 cases for aorta segmentation and 6 cases for blood pressure drop) has shown that the proposed methods work on a wide variety of lowquality, retrospective data. The data stems from regular clinical practice of multiple cardiac centers in the USA and the EU and was not explicitly acquired for simulation studies. Furthermore, all data used for parameter personalization were acquired noninvasively, which is important considering the often young age of CoA patients. We have demonstrated that the framework is applicable to three stages of CoA care: preoperative severity assessment, poststenting follow-up, and treatment outcome prediction through "virtual stenting."
We believe that the presented noninvasive in-silico method has the potential-given more thorough clinical validationto replace invasive pressure catheterization for CoA. 
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